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ABSTRACT 
 
In sharp contrast to prior findings on the trading performance of individual investors, we find a 
strong positive relation between trade frequency and performance among a large sample of 
institutional investors. The positive performance of institutional traders that trade actively persists 
for at least a year, as they continue to trade actively and generate abnormal returns from their 
trades. Large funds, however, are unable to overcome the transaction costs associated with their 
larger trades, a finding that lends insight into the decreasing returns to scale that characterizes the 
money management industry. Active traders generate performance both by supplying liquidity and 
by trading aggressively on information.  
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1. Introduction 
Trading represents one of the core activities undertaken by money management companies 
as they execute their investment strategies. Skillful trade execution can enhance an investment 
fund’s return relative to the competition, whereas poor trading can lead to excessive transaction 
costs and lagging performance. Even beyond effects specifically related to the quality of trade 
execution, active trading has the potential to generate alpha if it can take advantage of opportunities 
in the securities markets.  
For example, when a company releases unusually good earnings, an investment fund that 
quickly trades on the news by buying shares soon after the earnings announcement can generate 
greater returns for its shareholders than a fund that buys the same stock, but only after a delay (see, 
for example, Li (2016)). A fund that actively monitors the market can expose itself to more 
opportunities during earnings season than a less-active fund. This example is consistent with a 
positive relation between trading activity and performance, where fast-acting funds exploit 
information that is not immediately reflected in stock prices. The alternative possibility, where 
security prices quickly incorporate news, likely leads to a negative relation between trading 
activity and performance, as gains do not adequately offset high transaction costs. 
In this paper, we examine the relation between trading activity and performance for a large 
sample of institutional investors. Ex ante, it may be reasonable to expect a negative or insignificant 
relation to exist between trade frequency among these investors and the performance of their trades 
for three main reasons. First, the efficient market hypothesis posits that it is impossible for an 
investor to consistently outperform on the basis of publicly available information. Second, trading 
generates transaction costs, and transaction costs impose a drag on performance. Third, evidence 
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among retail investors (e.g., Barber and Odean (2000)) suggests a strong negative relation between 
trading activity and net performance.  
Conversely, other rationale is consistent with a positive relation between trading activity 
and performance. First, empirical evidence suggests that stock prices do not immediately reflect 
news, i.e., that the stock market is not perfectly efficient. For instance, Ball and Brown (1968) and 
other more recent papers (e.g., Bernard and Thomas (1989) and Sadka (2006)) document post-
earnings announcement drift. A simple reversal strategy (e.g., Jegadeesh (1990) and Lehmann 
(1990)) also has been shown to generate attractive returns, on average, based on past stock prices. 
Second, in contrast to the retail investor sample of Barber and Odean (2000), the sample we 
examine reflects the activity of professional traders. Presumably, professional traders have greater 
trading ability, on average, than retail investors. Whereas retail investors answer only to 
themselves when they perform poorly, professional traders are held to high standards by their 
employers, who have limited patience for underperformance. Third, anecdotal evidence suggests 
that “high frequency traders” (i.e., traders not included in our sample with extremely short intraday 
holding periods) perform remarkably well.  
In contrast to the retail trading results of Barber and Odean (2000), we find a strong positive 
correlation between trade frequency and intra-quarterly investment performance. Net of 
transaction costs, active traders earn greater risk adjusted returns from their trades than less active 
traders, and performance monotonically increases across trading activity quintiles. For instance, 
the most (least) active trader quintile produces a net risk-adjusted return of 0.55% (–0.18%) from 
trade entry until the end of the quarter, where we adjust for risk via the Daniel et al. (DGTW, 1997) 
characteristic benchmark. The positive performance associated with the most active quintile and 
the difference in performance between the most active and least active quintiles are both 
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statistically significant at the 1% level. Thus, our evidence suggests that trading activity proxies 
for skill. If active traders had no skill, then transaction costs would lead to underperformance that 
would be difficult to sustain in a competitive money management industry. Only traders with skill 
can afford to bear the transaction costs associated with active trading.  
We find that the relative trade frequency of institutions strongly persists over time: traders 
that actively trade during one quarter continue to actively trade the following quarter. Furthermore, 
the relative trade performance of the most active quintile of traders persists, whereas the trade 
performance of the least active quintile of traders does not persist. For example, the top performing 
quintile among the most active traders generates approximately 75 basis points greater quarterly 
risk-adjusted performance than the bottom performing active traders for four quarters following 
the performance ranking, with the performance difference statistically significant each quarter. By 
contrast, similar performance differences among the least active quintile of traders are largely 
statistically insignificant. 
Trading incurs transaction costs, and transaction costs attributable to price impact 
positively correlate with trade size. Since large institutions require larger trades than smaller 
institutions, the trades associated with large institutions generate greater transaction costs than the 
trades of smaller institutions. We thus expect that larger institutions find active trading less 
attractive than smaller institutions, such that large institutions do not show the same propensity to 
actively trade as smaller institutions. Even when large institutions do trade actively, we would 
expect that they perform worse than active traders at smaller institutions, given their greater 
transaction costs.  
Consistent with these expectations, we find a negative correlation between the performance 
of active traders and a proxy for the size of the institution. Active traders that trade for smaller 
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investment portfolios significantly outperform active traders that trade for larger investment 
portfolios. This result helps explain earlier findings in the literature of diseconomies of scale within 
some sectors of the money management industry. For example, Chen et al. (2004) find that larger 
mutual funds underperform smaller mutual funds, on average, a result consistent with the 
theoretical model of Berk and Green (2004). Our results suggest that one avenue through which 
diseconomies of scale manifests itself is via the trading opportunities investment managers are 
able to pursue. That is, given that larger funds trade larger orders, they are susceptible to greater 
price impact from their trades. Larger funds consequently realize lower net returns when they 
attempt to exploit short-term trading opportunities or they endogenously decide to forgo such 
opportunities, given that they understand how transaction costs are expected to affect the net 
performance of a trade (also see Busse et al. (2016)). 
How do active traders generate abnormal performance? One possibility is that they are 
compensated for providing liquidity to the market, i.e., by stepping in to buy stocks that have been 
beaten down or by shorting stocks that are overbought. Providing liquidity in this manner would 
be consistent with earning returns related to the reversal anomaly, as documented among hedge 
funds by Jame (2015). We find, however, that active traders do well regardless of whether they 
supply or remove liquidity, such that the performance of active traders is not solely attributable to 
liquidity provision.  
Another possibility is that active traders either quickly respond to news or have some 
ability to forecast news. For example, earnings releases are scheduled announcements; investors 
know well in advance the date and time that a company plans to release its quarterly earnings. To 
the extent that active traders have ability, on average, to forecast a stock’s response to these 
announcements, one would expect a positive relation between the trading activity of active traders 
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and abnormal returns around earnings announcements, which is consistent with our findings. We 
find a statistically significant relation between the extent to which active traders trade around an 
earnings announcement and the two-day cumulative abnormal return (CAR) associated with the 
announcement. 
Our analysis relates to prior analyses that examine trading activity both among individuals 
and institutions. Barber and Odean (2000) document poor performance among active retail 
investors, largely driven by large transaction costs, which contrasts substantially with our evidence 
of positive performance among active institutional traders. Several other papers, including Odean 
(1999) and Barber and Odean (2001, 2002), also find evidence that suggests that retail investors 
make poor trading decisions, on average, and generate below market returns. Similarly, Barber et 
al. (2009) and Barber et al. (2014) find evidence of poor overall trading ability among a unique 
sample of retail investors in Taiwan.  
Our evidence of positive performance associated with stock trades relates to Chen, 
Jegadeesh, and Wermers’ (2001) analysis of mutual funds, where the authors find evidence of skill 
in trades that they infer by comparing consecutive snapshots of quarterly portfolio holdings. Yan 
and Zhang (2009) find that the change in the quarterly portfolio holdings of short-term institutions 
predicts future stock returns, which they attribute to an information advantage. Relative to samples 
that infer trades from changes in portfolio holdings, our sample of actual trade data provides the 
advantage of exact entry and exit dates and times, which allows for precision in trade performance 
computation. Puckett and Yan (2011) find that the trades that are missed when trades are inferred 
from portfolio holdings generate positive abnormal performance. Since we measure performance 
relative to the actual transaction price, rather than the price at the end of the quarter, our findings 
of relatively good intra-quarterly performance for the trades of active traders are consistent with 
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Puckett and Yan’s (2011) main finding of positive intra-quarterly performance among institutional 
investors. 
In another recent paper, Chakrabarty, Moulton, and Trzcinka (2016) find negative risk-
adjusted performance for the short-term trades of institutions (i.e., for positions held less than six 
months). In rationalizing Chakrabarty et al.’s findings of poor short-term performance with our 
findings of positive relative performance for active traders, it is important to note that we find 
positive average intra-quarterly performance based on all of the trades (many of which are 
ultimately held long term) of the subset of active institutional investors, whereas they find negative 
average performance on the subset of short-term trades across all institutional investors. That is, 
our results would not capture the short-term trades of inactive investors, and the results of 
Chakravarty et al. would not include trades of active traders that are held beyond their short-term 
cutoffs. 
Our analysis also relates to the mutual fund literature that examines the cross-sectional 
relation between portfolio turnover and performance, including Carhart (1997), who finds a 
negative relation, and Wermers (2000), who finds a positive relation. More recently, Pástor, 
Stambaugh, and Taylor (2015) examine the time series relation between fund turnover and 
performance, finding a positive relation, such that changes in turnover predict future performance 
among individual funds and also for the mutual fund industry in aggregate, consistent with the idea 
that funds trade more when better opportunities exist. Compared to the mutual fund literature that 
examines the broad relation between standard turnover measures and overall performance, our 
trade data allow for greater precision in tying trading activity to the performance of specific trades, 
so that we can better pin down the drivers of performance, including liquidity provision and 
information related to earnings. Lastly, our study relates to Lan, Moneta, and Wermers (2015) and 
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Cremers and Pareek (2015). Lan et al. find evidence of superior long-term performance for long-
term holdings. Cremers and Pareek (2015) show outperformance in high active share funds that 
trade infrequently. Both papers use quarterly holdings data to estimate trading and investment 
horizon. By contrast, our intraday data reports actual trades that we use to precisely estimate short-
term performance. In addition, unlike Cremers and Pareek (2015), who measure fund level 
performance, we focus on the performance of an institution’s individual stock trades.  
The remainder of the paper proceeds as follows. Section 2 describes our data sample and 
methodology. Section 3 reports our main results. Section 4 concludes.  
 
2. Data and Methodology 
A. Data and Summary Statistics 
We obtain institutional trade data from January 1, 1999, to December 31, 2009, from 
ANcerno Ltd. ANcerno is known for its expertise in monitoring and analyzing institutional 
investors’ equity trading costs. Its clients include pension plan sponsors, such as CalPERS, the 
Commonwealth of Virginia, and the YMCA retirement fund, as well as money managers, such as 
Massachusetts Financial Services (MFS), Putman Investments, and Lazard Asset Management.2 
The ANcerno database is particularly suitable for studying the relation between fund 
trading frequency and performance because it offers high-frequency data at the trade level for all 
sample institutions. Previous studies that use the standard Thomson Reuters holdings data infer 
fund trading frequency from changes in fund quarterly holding snapshots. Such an approach is 
                                                            
2 Previous studies that that use ANcerno data include Goldstein et al. (2009), Chemmanur, He, and Hu (2009), 
Goldstein, Irvine, and Puckett (2010), Jame (2015), Busse, Green, and Jegadeesh (2010), Puckett and Yan (2011), 
Chakrabarty et al. (2016), and Busse et al. (2016). 
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unable to capture round-trip trades (see Puckett and Yan (2011)) or to precisely measure 
performance because it is unable to determine entry and exit dates and prices.  
The ANcerno database captures the complete transaction history for institutions in the 
sample. A typical order from a buy-side institution is large in size. To reduce market impact, the 
trading desk of the buy-side institution may break up a large order and divide it into several trades 
or among several brokers. In the ANcerno dataset, the allocation to each broker is defined as a 
“ticket”, and each ticket may result in several executions. As in Anand et al. (2012), we evaluate 
trades at the ticket level, rather than focusing separately on the trades that comprise the ticket. For 
each execution, the database reports identity codes for the institution, an identity code for the fund 
within each institution, the CUSIP and ticker for the stock, the stock price at time of order 
placement, the date of execution, the execution price, the number of shares executed, the direction 
of the execution (buy or sell), and commissions paid. ANcerno provides unique identity codes for 
the institution and the fund in the cross section and time series, which is not available in other 
high-frequency data such as TAQ or Plexus. See Puckett and Yan (2011) and Anand et al. (2012) 
for additional details on this dataset. 
The ANcerno database covers an extensive set of intuitional investors, including 843 
institutions and 5,277 different funds within those institutions. Institutions in the ANcerno 
database are responsible for approximately 115 million trades involving more than $42.6 trillion 
and 1,417 billion shares.3 We restrict our sample to common stocks and delete funds which cannot 
be reliably tracked to their institutions. We also drop fund-quarters that have the number of trades 
or stocks at 1% extreme values at both ends.4 
                                                            
3 According to Puckett and Yan (2011), the ANcerno institutions account for an estimate 10% of all institutional 
trading volume. 
4 Our results are qualitatively similar if we keep the observations that have the number of stocks or trades at the 1% 
extremes.  
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Panel A of Table 1 presents summary statistics for the ANcerno trading data. After 
imposing the above filters, the total number of different stocks within the trade data ranges from 
3,968 in 2009 to 6,142 in 2000. The total number of trades increases dramatically from 3.19 million 
in 1999 to 11.01 million in 2009. In our sample, an average fund places 310 trades on 74 unique 
stocks each quarter in 1999, while it trades 763 times on 106 stocks per quarter in 2009.  
Our measure of trading activity is based on the simple intuition that active traders are more 
likely to trade on a given day than less active or passive investors. Trading opportunities in the 
market arrive randomly as information arises. In a market where stock prices quickly respond to 
news, an investor that doesn’t act quickly as information arises will have difficulty exploiting news 
profitably. Thus, an active trader will have fewer days with no trade activity compared to a less 
active trader.  
As an example, a passive investor might mainly trade to periodically rebalance his portfolio 
or address cash flow imbalances, and he might accomplish these tasks in a limited subset of all 
trading days. By contrast, active traders constantly monitor the market in search of new trading 
opportunities. To capture these differences in trader activity, we credit an investor with being 
active on a given day if he trades on that day. Across all trades, we calculate a fund’s daily trading 
frequency as the ratio of the number of trades by the fund divided by the number of unique stocks 
traded by the fund on that day. If a fund places no trades on a particular day, the fund’s trading 
frequency on that day is marked as zero. Thus, in our measure, a fund’s trading frequency each 
day takes a value of 0 or ≥1, where 0 signifies no trade, 1 signifies trading one or more stocks one 
time each, and ≥1 signifies trading at least one stock more than once. For example, our measure 
takes on a value of 2 for a daily round-trip transaction of one stock (buying and selling the same 
stock on the same day). Round-trip trades signify especially high trading activity that is unlikely 
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to be associated with any form of passive management. To obtain our main measure of a fund’s 
quarterly trading frequency, we take the average of its daily trading frequency in a quarter.  
Our measure of trading frequency differs from portfolio turnover, which captures the extent 
to which a fund modifies its entire portfolio. Our measure captures trade activity irrespective of 
what fraction of the portfolio each trade constitutes, and we examine the performance associated 
with specific trades. By contrast, previous analyses of portfolio turnover (e.g., Carhart (1997), 
Wermers (2000), and Pástor, Stambaugh, and Taylor (2015)) typically analyze the relation 
between modifications to the entire portfolio (i.e., turnover) and overall fund performance. We 
also find little correspondence between trading frequency and the estimate of holding period used 
by Chakrabarty et al. (2016), with a –0.19 cross-sectional correlation between the two measures. 
Note that by defining a fund’s trading frequency as the average number of trades it places 
on each stock, the measure controls, somewhat, for the tendency for funds with greater assets under 
management to hold more stocks, and hence trade more stocks, everything else equal. Also again 
note that we treat a trade ticket sent to a broker by the fund on a particular day as one trade, 
regardless of the number of executions it takes for the broker to fill the ticket. As an alternative to 
ANcerno’s ticket definition, Anand et al. (2012) examine the robustness of their results to 
“stitched” tickets, where they group together into tickets trades by the same fund manager on the 
same stock and the same trade side that occur on consecutive trading days, even when the trades 
involve more than one broker. We utilize this same approach to examine the robustness of our 
results to the alternative ticket definition in Section F.1.  
Table 1 shows that trading frequency increases from 0.68 in 1999 to 0.88 in 2009. We also 
find that the dispersion of trading frequency is large among sample funds. Each day, 25% of the 
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sample funds trade less than 0.32 times on each traded stock, while another 25% of all funds trade 
more than once on each traded stock. 
We obtain data on stock returns, share prices, trading volume, and shares outstanding from 
CRSP and book value of equity from Computstat. We use earnings announcement dates and the 
mean analyst forecast provided by I/B/E/S to calculate earnings surprise. We obtain market return 
data from Ken French’s website.  
B. Fund Performance  
We measure fund performance similar to Puckett and Yan (2011) as follows. For each 
fund, we separate all trades within each quarter into buys and sells. For each buy or sell, we 
calculate holding-period return from the execution date (using the execution price) until the end of 
the quarter, accounting for stock splits, dividends, and, in certain analyses, commissions. We 
subtract the DGTW benchmark return over the same holding period to compute abnormal returns. 
For each fund, we weight abnormal returns two ways. We weight each trade equally, and we 
weight by the dollar size of the trade. We refer to this latter weighting approach as principal 
weighting. Via these two weighting schemes, we compute average abnormal returns for buys and 
sells separately. Finally, we calculate the difference between the average abnormal returns of buys 
and sells, which captures the intra-quarter performance of the trades placed by a fund in a given 
quarter.  
Panel B of Table 1 reports summary statistics of these fund performance measures. Sample 
funds show an equal weighted average intra-quarterly DGTW adjusted return of 0.35% (0.03%) 
for buys (sells) during our 1999–2009 sample period. Note that since trades execute throughout 
the quarter and we estimate performance from entry until the end of the quarter, holding periods 
associated with these performance measures average approximately one half of a quarter. 
Consequently, the performance measures reported in Panel B of Table 1 and elsewhere can be 
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annualized approximately by multiplying them by eight. Note that our institutional trading results 
differ considerably from the performance associated with individual investors. For example, 
Odean (1999) finds that the average difference in returns between the buys and sells of individual 
investors is negative, that is, the securities individuals buy underperform the securities they sell. 
 
3. Results 
A. Performance vs. Trade Frequency 
In this section, we first examine the relation between trading activity and performance. We 
sort institutional traders into quintiles based on contemporaneous trading frequency and examine 
the performance of their trades during the quarter of the trade. Table 2, Panel A shows the results, 
where we use DGTW-adjusted returns to measure performance. The table shows both equal- and 
principal-weighted results.  
For both weighting schemes, we find that funds that trade more frequently show higher 
risk-adjusted returns, on average, than funds that trade less frequently. For the equal-weighted 
results, the highest trading frequency quintile outperforms the lowest trading frequency quintile 
by 0.73% (0.55% vs. –0.18%). The performance of the highest frequency quintile and the 
difference in performance between the highest and lowest quintiles are both statistically significant 
at the 1% level. The principal-weighted results are a bit weaker than the equal weighted results, 
but they show a similar pattern, with the highest frequency quintile (0.31%) outperforming the 
lowest frequency quintile (–0.15%). Since transaction costs are positively related to trade size due 
to price impact, it is not surprising that the principal-weighted results are a bit weaker than the 
equal-weighted results, as the larger transaction costs of the bigger trades carry greater weight. 
Similar to the equal-weighted results, the highest frequency quintile shows performance that is 
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statistically significantly greater than zero and statistically significantly greater than the 
performance of the low frequency quintile at the 1% level.  
Beyond statistical significance, the results in Panel A are economically significant as well. 
As mentioned earlier, since funds generate the intra-quarterly trade returns that we report over half 
a quarter, on average, we can approximate the annualized performance associated with the intra-
quarterly returns by multiplying them by eight. Based on this approach, the top frequency equal- 
(principal-) weighted quintile shows annualized DGTW performance of approximately 4.40% 
(2.48%), or roughly one quarter to one half of the long-run average return on the U.S. stock 
market.5 
In results not evident in Table 2, we find similar results when excluding the volatile time 
period associated with the financial crisis. For example, when we exclude 2008 and 2009, the 
highest trading frequency quintile shows equal- (principal-) weighted intra-quarterly performance 
of 0.57% (0.30%), which is very similar to the 0.55% (0.31%) results associated with the full 
sample. It thus appears that the relation between trading frequency and performance extends 
beyond periods associated with extraordinary market volatility. 
Panel B mirrors Panel A except we report returns net of commissions. The mean 
commission fee across the entire sample of trades is 13.5 basis points. Since each transaction incurs 
a commission fee, the Panel B quintile returns are roughly two commission fees lower than the 
returns in Panel A. When equal-weighting the returns, the most active trade quintile continues to 
show positive abnormal performance that is both statistically significantly greater than zero and 
                                                            
5 In untabulated results, we find very high intra-quarterly returns for stocks that active traders enter and exit during the same 
calendar quarter (i.e., quarterly round trip trades). For instance, the most active trader quintile averages a round trip intra-
quarter return of 2.25% in positions exited the same quarter they are entered. We do not emphasize round trip trade 
performance because the disposition effect could positively bias the performance of round-trip trades relative to the average 
performance of all trades. Puckett and Yan (2011) point out that rebalancing requirements could also positively bias the 
performance of round-trip trades. We therefore in the paper focus on the combined performance associated with both exited 
and retained positions. 
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greater than the performance of the least active trade quintile. When returns are principal weighted, 
although the trades of the most active quintile no longer show statistically significant positive 
performance, the return difference between the most active and least active funds remains 
statistically significant at the 5% level. Insofar as the principal-weighted results place greater 
weight on the bigger trades typically made by bigger funds, these results are consistent with 
diseconomies of scale in short-term trading profits, a topic that we examine in greater detail in the 
next section. 
Note that our institutional trading results differ dramatically from the performance 
associated with active individual investors. Barber and Odean (2000) show no relation between 
trade frequency and gross performance among individual investors. By contrast, we find that the 
most active institutional traders outperform the least active institutional traders. Moreover, Barber 
and Odean (2000) find a strong inverse relation between trade frequency and performance net of 
commissions among individuals, whereas we find a strong positive relation. There are two reasons 
why our active institutional trader results differ from the individual investor results of Barber and 
Odean (2000). First, institutional traders are professionals. Presumably, a prerequisite to land a 
trading job with an institutional money management firm is a successful track record as a trader. 
Also, a poorly performing institutional trader is likely to be replaced. Second, Barber and Odean 
(2000) show that a substantial fraction of the poor net performance associated with active retail 
traders is attributable to commissions, which average around 1.5% per trade in their sample. The 
institutions in our sample pay a far lower percentage commission that averages 0.135% per trade. 
The lower commission rate in our sample is partially due to our more recent sample period, which 
is characterized by lower commission rates, and also because institutions have the bargaining 
power to demand cheaper commissions than individual investors. 
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B. Performance vs. Size 
Chan et al. (2004), among others, show that diseconomies of scale exist in the mutual fund 
industry. Other things equal, as a fund gets larger, trade execution gets increasingly more costly. 
To mitigate greater transaction costs, Busse et al. (2016) show that funds move into more liquid 
stocks as they increase in size, which lowers their gross returns as they earn less of the return 
premium associated with illiquid stocks. Beyond missing out on the return premium from holding 
less liquid stocks, larger funds might also forgo trading opportunities when they are expected to 
generate large trading costs. In this section, we examine the relation between trading frequency, 
performance, and the size of the fund. If diseconomies of scale in the money management industry 
is attributable, in part, to larger funds performing worse than smaller funds on their higher 
frequency trades, we would expect to see a negative relation between fund size and the 
performance of the trades of active traders. In Tables 1 and 2, lower returns when weighting by 
the size of the trade compared to equal weighting are consistent with this possibility. 
Since ANcerno does not identify institutions in its database, we proxy for fund size with a 
fund’s aggregate quarterly dollar trade volume. That is, we sum up each fund’s dollar trade volume 
across all the trades they make in a quarter. The rationale for this proxy is that larger funds need 
to trade more, in aggregate, than smaller funds since they have more capital to invest. Table 3, 
Panel A reports the average ticket size of funds double sorted into 5×5 portfolios each quarter, first 
by fund aggregate quarterly dollar trading volume and then by daily trading frequency. As 
expected, across each trade frequency quintile row, we see a positive relation between trading 
volume and average ticket size, consistent with the idea that larger funds (as proxied for by greater 
aggregate dollar trading volume) show larger-size trades. 
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In Table 3, Panel B, we report the implicit transaction costs associated with the trade ticket 
sizes in Panel A. Recall that we estimate implicit transaction costs as the difference between the 
execution price and the price at order placement divided by the price at order placement. Panel B 
shows that implicit transaction costs increase with trading volume, which coincides with the 
increase in ticket size that we see in Panel A. Thus, implicit transaction costs are larger for the 
bigger trades made by the larger funds, consistent with expectations. We thus expect the trades of 
larger funds to perform worse than the trades of smaller funds, as transaction costs detract more 
from their performance.  
To examine the relation between trade frequency, performance, and fund size, we again 
double sort funds based on trade volume and trade frequency quintiles and compute the average 
DGTW-adjusted intra-quarterly trade performance for each cell. Results associated with this 
double sort indicate whether the positive relation between trade frequency and performance 
depends on the size of the fund. Table 3, Panel C reports the results. Panel C1 reports equal-
weighted results, and Panel C2 reports results weighted by the size of the trade (i.e., the principal-
weighted results). The results in Panel C1 show a positive relation between trade frequency and 
performance for each trade volume quintile, with a statistically significant difference in 
performance between funds in the highest trade frequency quintile and funds in the lowest trade 
frequency quintile. Similar to Table 2, the equal-weighted results in Panel C1 are a bit stronger 
than the principal-weighted results in Panel C2, likely because large trades generate larger 
percentage transaction costs that reduce net performance.  
Also apparent in Panel C is a noticeable negative relation between performance and fund 
size. Focusing on the highest trade frequency quintile, we see that smaller funds show greater 
performance than larger funds. For example, for the equal-weighted results in Panel C1, the 
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smallest (largest) fund quintile generates performance of 0.71% (0.34%) from trade entry until the 
end of the quarter. For the principal-weighted results in Panel C2, we also see greater performance 
associated with smaller funds.  
The negative relation between fund size and trade frequency is especially noticeable in 
Panel D, which mirrors Panel C, except we adjust the returns for commissions. The higher 
aggregate volume funds in quintiles 4 and 5 no longer show statistically significantly positive 
performance associated with the trades of the most active quintile of funds for either the equal-
weighted results in Panel D1 or the principal-weighted results in Panel D2. Thus, larger, active 
funds do not earn positive risk-adjusted returns net of commissions in the short run.  
The negative relation between fund size and trade performance indicates that an important 
driver for the negative relation between fund size and overall performance, i.e., for diseconomies 
of scale in the fund industry, is attributable to the inability of larger funds to exploit trading 
opportunities to the same extent that small funds do. Thus, it is not only that larger funds hold 
more liquid stocks that leads to their underperformance relative to small funds (Busse et al. 
(2016)), but also because they earn lower returns than small funds when they actively trade.  
C. Lag Frequency 
 The results in Tables 2 and 3 show that active traders outperform less active traders, on 
average, and are consistent with the idea that trading activity proxies for skill. Ceteris paribus, a 
skillful trader would trade more frequently to capitalize on his trading ability. We would also 
expect an unskilled trader to trade less frequently, insofar as trading generates transaction costs 
that an unskilled trader would be unable to offset in the long run. To the extent that trading activity 
proxies for genuine skill, we would expect trading activity to persist across time, as skillful traders 
persistently try to exploit their ability, and we would thus expect trading activity to predict future 
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performance. That is, we would expect the most active traders during quarter t to not only 
outperform less active traders during quarter t, but also during quarter t + 1.  
To examine whether relative trading activity persists, Table 4, Panel A reports the trade 
frequency of funds double sorted based on lag frequency and lag trading volume quintiles. The 
panel shows evidence of a strong relation between trading frequency and lag trading frequency. 
Funds that trade actively during one quarter continue to do so the following quarter. Thus, funds 
do not trade actively intermittently, as a response, perhaps, to sporadic trading opportunities. Our 
evidence suggests that active traders are consistently on the lookout for new prospects and 
maintain a high level of activity across time. 
To examine the lead-lag relation between trading activity and performance, Table 4, Panel 
B reports the trade performance of funds sorted into quintiles based on lagged (i.e., prior quarter) 
trading frequency and trading volume, similar to Table 3, Panel C, except that we base the sort on 
information from the previous quarter. To the extent that trading activity proxies for genuine skill, 
we would expect trading activity to predict future performance. The results in Table 4, Panel B are 
consistent with this expectation and similar to the contemporaneous results in Table 3, Panel C, 
with the high frequency quintiles outperforming the low frequency quintiles by a statistically and 
economically significant 0.72% (0.41%) based on equal- (principal-) weighting the results, or 
approximately 5.8% (3.3%) on an annualized basis. The results are thus consistent with the notion 
that skilled traders consistently trade actively and generate abnormal performance from their 
trades. 
D. Persistence 
 In the mutual fund literature, a fund’s ability to outperform consistently is interpreted as 
evidence of skill. The alternative, e.g., outperformance one period that does not persist in the 
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future, is more consistent with the fund manager outperforming due to luck. The results in Tables 
2-4 provide evidence that the performance of active traders persists in the short run, insofar as they 
generate positive abnormal returns during both the current and subsequent quarters. To examine 
whether the trades of active traders show longer-term performance persistence, we double sort 
funds into quintiles each quarter, first based on trade frequency and then on trade performance, 
and examine the performance of top and bottom performing quintiles for high and low trading 
frequency quintiles over the next four quarters.  
Table 5 reports the difference in performance between top and bottom performers for both 
the most active trader quintile (Panel A) and the least active trader quintile (Panel B). The panels 
show both equal-weighted and principal-weighted results. In Panel A, we see strong evidence of 
performance persistence across all four quarters (i.e., from Q+1 to Q+4) following the sort quarter 
(Q+0). For instance, among the most active funds, the top quintile performers from Q+0 
outperform the bottom performers from Q+0 by between 0.62% and 0.93% over each of the next 
four quarters. These return statistics reflect the intra-quarter performance of positions entered 
during one of the subsequent quarters. All performance differences are statistically significantly 
greater than zero at the 10% level, with five of the eight statistically significant at the 1% level. 
 In contrast to the evidence of performance persistence among funds that trade actively, the 
results in Panel B indicate less evidence of performance persistence among funds that do not trade 
actively. Although seven of eight subsequent performance differences between top and bottom 
past performers are greater than zero, only two of the eight differences are statistically significantly 
greater than zero, and then only at the 10% level.  
 One interpretation of these results is that the evidence of performance persistence that has 
been documented in the mutual fund literature (e.g., and Bollen and Busse (2005)) could be 
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attributed to funds that trade actively, insofar as we find evidence that active traders generate 
positive abnormal performance that persists. This evidence is broadly consistence with the findings 
of Chen, Jegadeesh, and Wermers (2000), who find more evidence of abnormal performance 
associated with the trades of mutual funds than with their older holdings.  
E. Why Do High Frequency Traders Outperform? 
 Having documented that active traders earn statistically and economically significant 
abnormal returns from their trades, we next explore the source of the abnormal returns. We 
consider two possibilities. First, active traders might be acting as liquidity providers, with their 
abnormal returns representing the compensation they receive for providing this service. Second, 
high frequency traders might exploit informational advantages. 
E.1. Liquidity Provision 
To determine whether the strong returns earned by active traders are attributable to liquidity 
provision (e.g., Grossman and Miller (1988)), we examine the relation between the performance 
of active traders and the extent to which they provide liquidity vs. take liquidity. We classify funds 
as a liquidity provider or a liquidity taker based on two alternative approaches.  
In our first approach, we classify funds as a liquidity provider (taker) when they buy (sell) 
stocks that have experienced relatively poor (strong) returns over the past one or five days. Stock 
returns over the recent past reverse on average (e.g., Jegadeesh (1990) and Lehmann (1990)). One 
explanation for the abnormal returns associated with the reversal anomaly is that the returns 
represent compensation to traders for going against the grain, buying (selling) a stock when its 
share price is sharply dropping (rising) and the majority of other market participants have relatively 
low interest in buying (selling) the stock. For each fund, we compute the average of the mean of 
the past one and five days return for each stock traded by the fund (multiplying by –1 for sells) in 
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each quarter. Thus, we classify a fund that buys (sells) stocks with negative (positive) returns over 
the past one day and five days as a liquidity provider, whereas a liquidity taker does the opposite. 
In our second approach, we classify funds as a liquidity provider (taker) based on the extent to 
which they trade in the opposite (same) direction as other funds within the ANcerno database. We 
define fund herding for each fund, in each quarter, as the percentage of the trades that are in the 
same direction as the net imbalance of all funds in the ANcerno dataset on the same day.  
Using these measures, at the end of each quarter, we divide all funds into 3×3 = 9 groups 
based on their current quarter liquidity provision measure and trading volume (using volume again 
as a proxy for fund size). Within each of the 9 groups, we further sort funds into three terciles 
based on trading frequency. We then compute the buy-sell performance spread between the high 
trading frequency funds and low trading frequency funds for each of the nine groups. Table 6 
reports the results. Panel A (B) classifies funds as a liquidity provider or a liquidity taker based on 
their trading activity relative to one- and five-day returns (the trades of other funds, i.e., going with 
or against the herd). 
The first column in Panels A and B shows the performance spread associated with trades 
that provide liquidity, and the third column in Panels A and B shows the performance spread for 
trades that absorb liquidity. For both measures of liquidity provision (based on past stock returns 
or herding) and regardless of whether the trade supplies or takes liquidity, the buy-sell performance 
spread between high and low trading frequency funds is positive. Furthermore, most of the 
performance spreads shown in Panel A are statistically significant. The principal-weighted results 
in Panel B are smaller than the equal-weighted results in Panel A, likely because bigger trades are 
subject to greater transaction costs. Nonetheless, the performance spreads in Panel B are all 
positive, and approximately half of them are statistically significantly greater than zero. 
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E.2. Multivariate Analysis  
Overall, the results in Table 6 suggest that some of the abnormal returns earned by active 
traders represent compensation for providing liquidity, but the results also show similarly 
promising returns in instances where funds absorb liquidity. To more formally examine whether 
the positive relation between trading activity and abnormal performance extends beyond the 
tendency for active traders to provide liquidity, we examine the relation between abnormal 
performance and trading activity after accounting for liquidity provision with the following cross-
section regression: 
                                  𝑟𝑖,𝑡 = 𝑎 + 𝑏𝑓𝑟𝑒𝑞𝑖,𝑡−1 + 𝑐𝑟𝑒𝑡𝑢𝑟𝑛15𝑖,𝑡 + 𝑑ℎ𝑒𝑟𝑑𝑖,𝑡 + 𝜆Ζ𝑖,𝑡−1,                           (1) 
where 𝑟𝑖,𝑡 represents the equal- or principal-weighted fund performance (as defined previously) 
during quarter t, 𝑓𝑟𝑒𝑞𝑖,𝑡−1 represents fund i’s trading frequency (as defined previously) during 
quarter t−1, 𝑟𝑒𝑡𝑢𝑟𝑛15𝑖,𝑡 is the average of the mean one- and five-day return for stocks traded by 
fund i during quarter t, ℎ𝑒𝑟𝑑𝑖,𝑡, represents the percentage of fund i’s trades that are in the same 
direction as the net imbalance across all trades in the ANcerno dataset on the same day, and Ζ𝑗,𝑡−1 
captures lag fund-level variables and characteristics of the stocks traded by fund i. These 
characteristics include book-to-market ratio, market capitalization, turnover, idiosyncratic 
volatility, lag 12-month return, and Amihud illiquidity ratio. We calculate lag 12-month return, 
turnover, idiosyncratic volatility, and Amihud illiquidity using 12 months of data ending at the end 
of the previous quarter. Fund-level variables include aggregate trading volume, which we again 
use as a proxy for fund size, and performance, both from the previous quarter. We run the cross-
sectional regression in (1) each quarter. Table 7 reports the time series average of the quarterly 
coefficient estimates as in Fama-MacBeth (1973).  
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The coefficient on the lag one- and five-day return in Table 7 is negative and statistically 
significant, which suggests that funds generate positive performance by buying (selling) stocks 
with low (high) recent returns, consistent with the idea that active traders act as liquidity providers 
on these stocks. Even after controlling for liquidity provision, however, the results indicate that a 
fund’s abnormal performance remains positively related to its trading activity. The coefficient on 
lag trade frequency has a t-statistic of 5.46 for the specification based on weighting abnormal 
returns equally and a t-statistic of 4.20 based on principal weighting. In economic terms, a one 
standard deviation increase in trading frequency increases equal-weighted (principal weighted) 
intra-quarterly returns by 0.37% (0.22%) or approximately 2.96% (1.76%) annually. Thus, active 
traders appear to generate abnormal performance via a variety of strategies, extending beyond the 
provision of liquidity that is often associated with profitable short-term trading strategies.  
The results also show a negative relation between a fund’s lag trade volume and 
performance, consistent with our Table 3 results that suggest diseconomies of scale in the 
performance associated with active trading. The coefficients associated with the stock 
characteristics show a weak correspondence between abnormal returns and the liquidity of the 
stocks a fund trades. While the coefficient on the size variable is negative and statistically 
significant, other proxies for liquidity, including turnover and Amihud’s illiquidity ratio, do not 
statistically significantly differ from zero. Lastly, the coefficient on lag performance is positive in 
both specifications and attains marginal (strong) statistical significance when performance is 
equal- (value-) weighted, consistent with the Table 5 results that indicate that trading performance 
persists. 
E.3. Earnings Announcements 
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Given that our results in Table 7 suggest that active traders generate abnormal returns even 
after controlling for their tendency to provide liquidity, we next examine whether high frequency 
traders produce positive performance by making informed trades, e.g., by buying (selling) stocks 
that are subject to positive (negative) future price movements. To explore this possibility, we 
examine the trading activity of active traders prior to company news. Although stocks respond to 
an endless variety of news, we focus on the performance of active traders during the period of time 
surrounding earnings announcements. The advantage of studying earnings announcements is 
earnings dates are easy to obtain (on Compustat, for example). By contrast, many news events that 
affect stock prices are difficult to identify because they are not systematically collected by financial 
data providers.  
To examine whether active traders skillfully trade around earnings announcements, each 
quarter, we first sort stocks with earnings announcements into quintiles based on the net trading 
volume of (1) the most active quintile of traders, (2) the least active quintile of traders, and (3) the 
middle three quintiles of traders during the ten business days prior to the earnings announcement 
day. We then regress cross sectionally the two-day cumulative abnormal market adjusted return of 
the stock that reported earnings on the three net trading volume ranks (i.e., of the most active 
traders, the least active traders, and others) and control variables,  
                       𝐶𝐴𝑅[0,1]𝑖,𝑡 = 𝑎 + ∑ 𝑏𝑗𝐸𝑆𝑖,𝑗,𝑡
𝑗=1,2,4,5
+ 𝑐𝐶𝐴𝑅[−10, −1]𝑖,𝑡 + 𝑑𝑇5𝑟𝑎𝑛𝑘𝑖,𝑡                (2) 
+𝑒𝑇1𝑟𝑎𝑛𝑘𝑖,𝑡  + 𝑓𝑇2,4𝑟𝑎𝑛𝑘𝑖,𝑡 + 𝜀𝑡 
where 𝐶𝐴𝑅[𝑀, 𝑁]𝑖,𝑡 represents stock i’s cumulative, market-adjusted return from day M through 
day N, where M and N are measured relative to the earnings announcement date (day 0), 𝐸𝑆𝑖,𝑗,𝑡 is 
a dummy variable equal to 1 if stock i had an earnings surprise ranked within quintile j among all 
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earnings surprises during the quarter,6 𝑇5𝑟𝑎𝑛𝑘𝑖,𝑡 represents the trading activity quintile in stock i 
of the most active traders during the ten days prior to stock i’s earnings announcement (as defined 
above), 𝑇1𝑟𝑎𝑛𝑘𝑖,𝑡 represents the trading activity quintile in stock i of the least active traders during 
the ten days prior to stock i’s earnings announcement, and 𝑇2,4𝑟𝑎𝑛𝑘𝑖,𝑡  represents the trading 
activity quintile in stock i of the other traders (quintiles 2-4) during the ten days prior to stock i’s 
earnings announcement. We run the cross-sectional regression in (2) each quarter and compute the 
time series average of the quarterly coefficient estimates as in Fama-MacBeth (1973). 
 The first column in Table 8 presents the results associated with regression (2). The 
coefficient on the trading activity of the most active quintile of traders is positive and statistically 
significantly greater than zero at the 1% level. This result implies that, on average, active traders 
correctly anticipate abnormal returns during earnings announcements. In particular, they buy (sell) 
stocks that show positive (negative) returns during earnings announcement periods. Economically, 
the 0.048 coefficient on T5rank implies that if the most active trader quintile increased net trading 
from the bottom to the top quintile (i.e., a change of 4 in the T5rank variable), then that would 
coincide with an increase in the two-day announcement return by approximately 0.2%, or more 
than 20% annually. Also note that we find no statistically significant relation between the least 
active traders or the other traders and abnormal returns around earnings announcements. Together, 
these results suggest that one of the ways that active traders are able to generate positive 
performance is by trading on information that others in the market are not aware of.  
                                                            
6 We define earnings surprise as the difference between actual earnings and the earnings forecast divided by the price 
at the prior quarter end. We sort stocks into quintiles based on the earnings surprise.  
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 To further explore the relation between active traders and earnings announcement returns, 
we define dummy variables to capture separately effects associated with buy and sell transactions. 
The alternative specification is as follows,  
          𝐶𝐴𝑅[0,1]𝑖,𝑡 = 𝑎 + ∑ 𝑏𝑗𝐸𝑆𝑖,𝑗,𝑡
𝑗=1,2,4,5
+ 𝑐𝐶𝐴𝑅[−10, −1]𝑖,𝑡 + 𝑑𝑇5𝑏𝑢𝑦𝑖,𝑡 + 𝑒𝑇5𝑠𝑒𝑙𝑙𝑖,𝑡        (3) 
+𝑔𝑇1𝑠𝑒𝑙𝑙𝑖,𝑡 +   𝑓𝑇1𝑏𝑢𝑦𝑖,𝑡 + 𝜀𝑡 
where 𝑇5𝑏𝑢𝑦𝑖,𝑡 = 1 (𝑇5𝑠𝑒𝑙𝑙𝑖,𝑡 = 1) when stock i is exclusively bought (sold) by the most active 
quintile of traders during the ten-day window prior to earnings announcement, i.e., other funds 
trade in the opposite direction or not at all. Similarly, 𝑇1𝑏𝑢𝑦𝑖,𝑡 = 1 (𝑇1𝑠𝑒𝑙𝑙𝑖,𝑡 = 1) when stock i 
is exclusively bought (sold) by the least active quintile of traders during the ten-day window prior 
to earnings announcement. As before, we run the cross-sectional regression in (3) each quarter and 
compute the time series average of the quarterly coefficient estimates as in Fama-MacBeth (1973). 
 The second column in Table 8 shows the results associated with this alternative 
specification. Of the four dummy variables, only the coefficient on the most active trader exclusive 
buy variable is statistically significant. This result implies that active traders earn positive returns 
by buying stocks prior to the positive returns associated with the two-day period during and after 
their earnings announcements. Economically, the 0.165 coefficient implies an increase in the two-
day announcement return by 0.165%, or approximately 20% annually, when a stock is exclusively 
bought by the most active trader quintile. 
F. Robustness Tests 
F.1. Stitched Tickets 
In our main analysis, we utilize the trade tickets provided by ANcerno. ANcerno groups 
trades into tickets only when they involve the same broker, and in many instances the data indicate 
separate tickets for trades that involve the same ticker, the same trade side, and the same broker 
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but on different, but consecutive, trading days. However, institutions commonly break up large 
orders into trades executed on different days and via different brokers. Not accounting for this 
tendency could positively bias the trading frequency measure. As an alternative to ANcerno’s 
ticket definition, Anand et al. (2012) examine the robustness of their results to “stitched” tickets, 
where they group together into tickets trades by the same fund manager on the same stock and the 
same trade side that occur on consecutive trading days, even when the trades involve more than 
one broker. We utilize this same approach to examine the robustness of our results to the alternative 
ticket definition.  
When we repeat our analysis based on stitched order tickets, we find that all of the main 
conclusions hold. For example, Table 9, Panel A reports stitched ticket univariate trading 
frequency / performance results that mirror the results based on ANcerno tickets reported in Table 
2, Panel A. Similar to Table 2, Panel A, for both equal-weighted and principle-weighted results, 
we find the top trading frequency quintile shows intra-quarter trade performance that is statistically 
significantly positive, at 0.52% (0.29%) when the results are equal- (principal-) weighted 
compared to 0.55% (0.31%) for the results based on ANcerno tickets. Also, trade performance 
largely increases across the stitched-ticket trading frequency quintiles, similar to the pattern 
associated with the ANcerno trade tickets in Table 2. Untabulated stitched-ticket results associated 
with the analyses in Tables 3-8 reveal no important differences relative to the reported results 
based on ANcerno tickets. 
F.2. Excluding Index Funds 
Index funds enter and exit positions in an attempt to closely match the returns of their 
benchmark index. Consequently, we would not expect our trading frequency measure to proxy for 
skill among a sample of index funds. Since ANcerno does not identify the institutions behind the 
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trades included in their database, it is difficult to comprehensively exclude index funds from our 
analysis. However, Agarwal, Tang, and Yang (2012) employ a sophisticated stock matching 
algorithm between ANcerno and the Thomson Reuters mutual fund holdings database to identify 
mutual funds within the ANcerno database. Included among the mutual funds identified by this 
type of algorithm is a list of 42 index funds in our sample.7 Since the sample of identified index 
funds is small relative to our overall sample, we would not expect excluding these funds from our 
sample to dramatically impact our findings. Nonetheless, we repeat all of our main analyses on the 
sample after excluding these index funds.  
When we repeat our analysis after excluding the sample of 42 index mutual funds, we find 
that all of the main conclusions hold. For example, Table 9, Panel B shows the univariate trading 
frequency / performance results after excluding the index mutual funds. Similar to Table 2, Panel 
A, the ex-index mutual fund results show that funds with greater trading frequency produce 
positive intra-quarterly trade performance that is statistically significantly greater than zero and 
statistically significantly greater than the performance of the lower trading frequency funds. The 
top trading frequency quintile show intra-quarterly equal- (principal-) weighted performance of 
0.56% (0.32%) compared to 0.55% (0.31%) for the more comprehensive sample, with both top 
quintile means statistically significantly greater than zero.  
 
4. Conclusion 
 In contrast to previous findings among individual retail investors, we find that the trading 
activity of institutional investors generates positive abnormal returns. Institutions that trade more 
generate greater performance, on average, as their investments earn returns that more than offsets 
                                                            
7 We thank Yuehua Tang for providing a list of index funds that he identified using the procedure described in Agarwal, 
Tang, and Yang (2012). 
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the transaction costs associated with their trades. However, not all institutions are able to exploit 
opportunities associated with more active trading. Larger funds perform noticeably worse than 
smaller funds, as their relatively high transaction costs significantly dampen their performance. 
This result provides insight into previous findings that show diseconomies of scale in the mutual 
fund industry. We find that funds that trade activity do so persistently, and their persistence pays 
off, as we find a strong relation between the past performance of the most active institutional 
traders and their future performance.  
 At face value, the finding that institutions that trade actively generate abnormal returns 
should give pause to those who mechanistically favor low expense index funds. The index fund 
argument is largely based on the idea that markets are efficient, and that funds that are not careful 
about their costs are doomed to long-run underperformance. While it is difficult to argue with the 
idea that expenses should be minimized, our evidence suggests that more expensive strategies can 
sometimes dominate, insofar as the most active institutional traders persistently produce positive 
abnormal returns.  
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Table 1. Descriptive Statistics 
This table presents descriptive statistics of institutional trading data obtained from ANcerno Ltd. The sample period 
is from January 1, 1999 to December 31, 2009. The sample includes only common stocks. Panel A presents descriptive 
statistics from the ANcerno data each year of our sample period. Trade number per quarter is the total number of 
trades placed by a fund in a quarter. Stock number per quarter is the number of unique stocks traded by a fund in a 
quarter. Trading frequency is defined, for each fund each quarter, as the average of daily trade number divided by 
daily number of unique stocks traded. Panel B reports the sample mean, 25th percentile, median, 75th percentile, and 
the standard deviation of fund performance. We measure the performance of all trades placed by a fund. For each 
trade, we calculate the raw cumulative stock return from the execution price until the end of the quarter. We adjust 
the raw cumulative return by the DGTW benchmark return over the same period. For each fund in each quarter, we 
then compute the equal-weighted (EW) or principal-weighted (PW) DGTW-adjusted returns separately for buys and 
sells. We take the difference in DGTW adjusted returns between buys and sells. All returns are expressed in percent.  
Panel A.Trade Statistics 
   Stocks Trades Volume  
Year Funds Institutions Total Average Total 
(x106) 
Average Shares 
(x109) 
Dollars 
(x1012) 
Freq. 
          
1999 1871 354 6126 74.08 3.19 310.4 42.0 1.88 0.68 
2000 1762 343 6142 87.55 4.44 403.9 61.2 2.76 0.71 
2001 1817 358 5324 82.53 5.42 407.4 80.2 2.43 0.73 
2002 1835 357 4968 82.34 5.86 421.9 99.5 2.40 0.74 
2003 1592 310 4779 77.78 5.90 408.3 82.6 2.05 0.72 
2004 1748 333 4786 84.22 7.18 482.8 109.1 3.10 0.76 
2005 1445 302 4786 83.32 6.30 465.9 66.3 2.00 0.80 
2006 1420 305 4692 89.91 7.38 544.6 74.1 2.33 0.86 
2007 1352 293 4743 93.29 8.52 575.8 75.8 2.69 0.88 
2008 1153 262 4314 102.06 9.40 681.8 81.6 2.30 0.90 
2009 1284 306 3968 106.35 11.01 762.6 132.9 3.39 0.88 
 
Panel B. Trade Performance 
 Mean P25 Median P75 STD 
      
Buy EW   0.35 -1.66 0.18 2.23 5.04 
Sell EW   0.03 -1.99 -0.13 1.79 5.15 
Buy-Sell EW   0.32 -2.30 0.30 2.99 6.80 
Buy PW   0.19 -1.82 0.05 2.09 5.00 
Sell PW   0.02 -1.92 -0.12 1.78 5.26 
Buy-Sell PW   0.17 -2.42 0.17 2.84 6.84 
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Table 2. Fund Performance for Univariate Sort by Trade Frequency  
This table presents average fund performance in quintiles sorted by contemporaneous trading frequency. The sample 
period is from January 1, 1999 to December 31, 2009. The sample includes only common stocks. For each fund, in 
each quarter, we define the trading frequency as the average of daily ratios of the number of trades divided by the 
number of unique stocks traded. The buy-sell performance is obtained for all trades placed by the fund. For each trade, 
we calculate the raw cumulative stock return from the execution price until the end of the quarter. We adjust the raw 
cumulative return by the DGTW benchmark return over the same period. For each fund in each quarter, we then 
compute the equal-weighted (EW) or principal-weighted (PW) DGTW-adjusted returns separately for buys and sells. 
We take the difference in DGTW adjusted returns between buys and sells. In Panel A, we divide all funds into 5 
quintiles at the end of each quarter based on their current quarter trading frequency. We then report the gross 
performance for these quintiles. In Panel B, we report the average commission adjusted performance for these 
quintiles. All returns are expressed in percent. t-statistics are reported in parentheses. The symbols *, **, and *** 
denote significance at the 10%, 5%, and 1% level, respectively. 
 
Trade Frequency EW  PW  
     
Panel A. Gross Performance    
1 (Low) -0.18  -0.15  
 (-1.21)  (-0.95)  
2 0.15  0.15  
 (1.36)  (1.48)  
3 0.22 ** 0.14  
 (2.47)  (1.57)  
4 0.75 *** 0.42 *** 
 (7.25)  (4.04)  
5 (High) 0.55 *** 0.31 *** 
 (6.79)  (4.37)  
High-Low 0.73 *** 0.46 *** 
 (4.17) (2.68) 
  
Panel B. Net of Commissions    
1 (Low) -0.45 *** -0.35 ** 
 (-3.07) (-2.32) 
2 -0.14 -0.13 
 (-1.29) (-1.23) 
3 -0.10 -0.11 
 (-1.05) (-1.33) 
4 0.50 *** 0.15 
 (4.53) (1.49) 
5 (High) 0.26 *** 0.05 
 (3.28) (0.64) 
High-Low 0.71 *** 0.40 ** 
 (4.04) (2.38) 
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Table 3. Double Sort by Trading Volume and Frequency  
This table presents average fund characteristics and performance in quintiles sorted by contemporaneous trading 
volume and trade frequency. The sample period is from January 1, 1999 to December 31, 2009. The sample includes 
only common stocks. For each fund, in each quarter, we define the trading frequency as the average of daily ratios of 
the number of trades divided by the number of unique stocks traded. At the end of each quarter, we divide all funds 
into 5×5=25 quintiles based on their current quarter trading dollar volume and trading frequency. In Panel A, we 
report the average trade size (in $1000) in each of these 25 quintiles. In Panel B, we calculate the average implicit 
trading costs for each fund as follows. For each buy trade, we calculate the implicit trading cost as execution price 
less the market price of the stock when the trade is placed with the broker. For each sell trade, we calculate the implicit 
trading cost as the market price of the stock when the trade is placed with the broker less the execution price. The 
implicit trading costs are then scaled by price at placement and expressed in percentage terms. Panel C presents the 
average fund gross performance in quintiles sorted by contemporaneous volume and trading frequency. The buy-sell 
performance is obtained for all trades placed by the fund. For each trade, we calculate the raw cumulative stock return 
from the execution price until the end of the quarter. We adjust the raw cumulative return by the DGTW benchmark 
return over the same period. For each fund in each quarter, we then compute the equal-weighted (EW) or principal-
weighted (PW) DGTW-adjusted returns separately for buys and sells. We take the difference in DGTW adjusted 
returns between buys and sells. Panel D reports the average fund commission adjusted performance for these 25 
quintiles. All returns are expressed in percent. The symbols *, **, and *** denote significance at the 10%, 5%, and 
1% level, respectively. 
 
Panel A. Average Ticket Size in $1000 
 Trading Volume 
Frequency 1 2 3 4 5 
       
1 (Low) 223.29 443.75 595.74 828.00 1649.67 
2 148.75 186.76 289.31 483.52 952.21 
3 86.63 101.41 147.63 264.23 553.51 
4 51.10 52.83 70.64 130.02 539.44 
5 (High) 20.09 26.43 47.97 95.96 464.65 
High-Low -203.19 *** -417.32 *** -547.76 *** -732.04 *** -1185.01 *** 
 
Panel B. Implicit Trading Costs 
 Trading Volume 
Frequency 1 2 3 4 5 
       
1 (Low) 0.01 0.08 *** 0.13 *** 0.20 *** 0.20 *** 
2 0.06 * 0.08 *** 0.17 *** 0.28 *** 0.27 *** 
3 0.02 0.11 *** 0.18 *** 0.23 *** 0.25 *** 
4 0.03 0.08 *** 0.13 *** 0.20 *** 0.31 *** 
5 (High) 0.02 0.15 *** 0.26 *** 0.35 *** 0.38 *** 
High-Low 0.01  0.07 *** 0.14 *** 0.15 *** 0.18 *** 
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Panel C. Gross Performance 
 Trading Volume 
Frequency 1 2 3 4 5 
       
C1. Equal weighted      
1 (Low) -0.54  -0.34 * -0.27 * -0.25 * -0.26 * 
2 0.30  0.10  0.04  0.01  0.08  
3 0.48  0.21  0.37 ** 0.14  0.33 *** 
4 0.74 *** 0.70 *** 0.90 *** 0.83 *** 0.55 *** 
5 (High) 0.71 *** 1.04 *** 0.75 *** 0.41 *** 0.34 *** 
High-Low 1.25 *** 1.38 *** 1.02 *** 0.66 *** 0.60 *** 
     
C2. Principal weighted     
1 (Low) -0.42 -0.17 -0.18 -0.12 -0.37 
2 0.27 0.11 0.05 -0.01 -0.01 
3 0.43 0.20 0.18 0.09 0.09 * 
4 0.43 ** 0.43 * 0.47 *** 0.45 *** 0.22 *** 
5 (High) 0.57 ** 0.84 *** 0.40 *** 0.23 ** 0.11 *** 
High-Low 0.99 ** 1.01 *** 0.58 *** 0.34  0.48 *** 
 
Panel D. Performance Net of Commissions 
 Trading Volume 
Frequency 1 2 3 4 5 
       
D1. Equal weighted      
1 (Low) -0.76 ** -0.57 *** -0.53 *** -0.47 *** -0.46 *** 
2 -0.10 -0.18 -0.22 -0.24 * -0.17 
3 -0.14 0.01 0.09 -0.24 0.07 
4 0.48 * 0.36 * 0.60 *** 0.54 *** 0.29 *** 
5 (High) 0.63 * 0.69 *** 0.44 *** 0.11  0.03  
High-Low 1.38 *** 1.26 *** 0.97 *** 0.58 ** 0.49 *** 
     
D2. Principle weighted     
1 (Low) -0.42 -0.39 * -0.42 *** -0.31 ** -0.54 ** 
2 -0.07 -0.14 -0.20 -0.24 ** -0.22 ** 
3 -0.01 -0.06 -0.08 -0.16 -0.14 
4 0.15 0.12 0.19 0.19 -0.02 
5 (High) 0.26  0.54 *** 0.13  -0.04  -0.13 * 
High-Low 0.68 * 0.93 *** 0.54 *** 0.27 *** 0.40 ** 
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Table 4. Lag Frequency 
This table presents average fund trading frequency and performance in quintiles sorted by lagged trading volume and 
trading frequency, as well as the future performance of portfolios of high or low trading frequency funds sorted by 
past performance. The sample period is from January 1, 1999 to December 31, 2009. The sample includes only 
common stocks. For each fund, in each quarter, we define the trading frequency as the average of daily ratios of the 
number of trades divided by the number of unique stocks traded. At the end of each quarter, we divide all funds into 
5×5=25 quintiles based on their lagged quarter trading dollar volume and trading frequency. Panel A reports the 
average trading frequency for these 25 quintiles. Panel B presents the average fund gross performance for each of the 
25 quintiles. The buy-sell performance is obtained for all trades placed by the fund. For each trade, we calculate the 
raw cumulative stock return from the execution price until the end of the quarter. We adjust the raw cumulative return 
by the DGTW benchmark return over the same period. For each fund in each quarter, we then compute the equal-
weighted (EW) or principal-weighted (PW) DGTW-adjusted returns separately for buys and sells. We take the 
difference in DGTW adjusted returns between buys and sells. The symbols *, **, and *** denote significance at the 
10%, 5%, and 1% level, respectively. 
Panel A. Persistence in Trade Frequency 
 Trading Volume 
Frequency 1 2 3 4 5 
      
1 (Low) 0.15 0.18 0.23 0.25 0.32 
2 0.20 0.39 0.49 0.57 0.75 
3 0.31 0.61 0.73 0.82 1.03 
4 0.49 0.84 0.97 1.03 1.26 
5 (High) 0.94 1.26 1.38 1.53 2.40 
 
Panel B. Performance for Sorting by Lag Frequency and Lag Trading Volume 
 Trading Volume 
Frequency 1 2 3 4 5 
       
B1. Equal weighted      
1 (Low) -0.19  -0.42 ** -0.16  0.01  -0.52 *** 
2 0.27  0.16  0.10  -0.32 ** -0.18  
3 0.59 ** 0.10  0.48 ** 0.23  0.46 *** 
4 0.38  0.47 ** 0.79 *** 0.78 *** 0.53 *** 
5 (High) 0.91 *** 0.91 *** 0.73 *** 0.66 *** 0.36 *** 
High-Low 1.10 *** 1.33 *** 0.89 *** 0.64 *** 0.89 *** 
B2. Principal weighted     
1 (Low) -0.33 -0.08 -0.07 -0.12 -0.42 ** 
2 0.45 0.12 0.01 -0.24 -0.10 
3 0.46 ** 0.02 0.31 * 0.15 0.22 * 
4 0.06 0.23 0.47 *** 0.47 *** 0.20 ** 
5 (High) 0.68 *** 0.68 *** 0.42 *** 0.37 ** 0.09 
High-Low 1.01 *** 0.75 *** 0.50 * 0.49 ** 0.51 *** 
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Table 5. Persistence 
The table presents the future performance of portfolios of high or low trading frequency funds sorted by past 
performance. The sample period is from January 1, 1999 to December 31, 2009. The sample includes only common 
stocks. For each fund, in each quarter, we define the trading frequency as the average of daily ratios of the number of 
trades divided by the number of unique stocks traded. At the end of each quarter, we divide all funds into 5×5=25 
quintiles based on their lagged quarter trading dollar volume and trading frequency. High (low) trading frequency 
funds are funds whose trading frequency ranked in the top (bottom) quintile in each trading volume group from quarter 
Q+0 to Q+4. At the end of each quarter Q+0, we divide all high (low) trading frequency funds into 5 portfolios based 
on their current quarter performance (measured by equally weighted buy-sell performance, or principal weighted buy-
sell performance) and calculate the average performance of each portfolio in the next four quarters. We report the 
performance difference in quarter Q+0 to Q+4 between the top and bottom performance groups sorted at quarter Q+0. 
All returns are expressed in percent. The symbols *, **, and *** denote significance at the 10%, 5%, and 1% level, 
respectively. 
 
 Quarters 
 Q+0 Q+1 Q+2 Q+3 Q+4 
      
Panel A. High Frequency Funds      
Top-Bottom Buy-Sell Performance (EW) 13.27 *** 0.74 ** 0.62 * 0.67 *** 0.80 *** 
Top-Bottom Buy-Sell Performance (PW) 12.58 *** 0.79 ** 0.93 *** 0.76 *** 0.88 *** 
      
Panel B. Low Frequency Funds      
Top-Bottom Buy-Sell Performance (EW) 15.37 *** 0.61 * -0.01 0.32 0.22 
Top-Bottom Buy-Sell Performance (PW) 15.67 *** 0.57 0.22 0.56 * 0.31 
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Table 6. Fund Performance and Liquidity Provision  
This table presents the performance spread between high trading frequency funds and low trading frequency funds in 
groups sorted by fund liquidity provision measure and fund trading volume. The sample period is from January 1, 
1999 to December 31, 2009. The sample includes only common stocks. We measure fund liquidity provision using 
the lagged 1- and 5-day return of stocks they trade (Panel A) or the percentage of their herding trades in each quarter 
(Panel B). The lagged 1- and 5-day return is the average of the mean of the past 1 day and past 5 days return for each 
stock traded by the fund (multiply by -1 for sell trades) in each quarter.  We define fund herding for each fund, in each 
quarter, as the percentage of the trades that are in the same direction as the net imbalance of all funds in the ANcerno 
dataset on the same day. For each fund, in each quarter, we define the trading frequency as the average of daily ratios 
of the number of trades divided by the number of unique stocks traded. At the end of each quarter, we divide all funds 
into 3×3=9 groups based on their current quarter liquidity provision measure and trading volume. Within each of the 
9 groups, we further sort funds into three terciles based on trading frequency. Funds’ quarterly equally (principal) 
weighted buy-sell performance are the same as defined in Table 1. Panels A and B report the equally (principal) 
weighted buy-sell performance spread between the top tercile trading frequency funds and the bottom tercile trading 
frequency funds for each of the 9 groups. All returns are expressed in percent. The symbols *, **, and *** denote 
significance at the 10%, 5%, and 1% level, respectively. 
 
Panel A. Lag 1- and 5-day Returns 
 Lag 1- and 5-day Return 
Trading volume 1 2 3 
    
A1. Equal-weighted    
1 (Low) 0.84 ** 0.94 *** 0.73  
2 0.96 *** 1.20 *** 0.77 *** 
3 (High) 0.53 ** 0.91 *** 0.57 *** 
       
A2. Principal-weighted 
1 (Low) 0.74 * 0.61 ** 0.38 
2 0.32 0.96 *** 0.57 ** 
3 (High) 0.32 0.64 *** 0.14 
 
Panel B. Herding 
 Herding 
Trading volume 1 2 3 
    
B1. Equal-weighted    
1 (Low) 1.59 *** 0.44  0.20  
2 0.84 *** 0.56 ** 0.90 *** 
3 (High) 0.65 *** 0.40  0.58 *** 
       
B2. Principal-weighted 
1 (Low) 1.14 *** 0.44  0.05  
2 0.55 ** 0.37  0.42 ** 
3 (High) 0.47 *** 0.25  0.26  
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Table 7. Regression – Future Performance on Lagged Trading Frequency and Stock Characteristics 
This table presents estimation results from regressing fund performance on lag trading frequency. The sample period 
is from January 1, 1999 to December 31, 2009. The sample includes only common stocks. Each quarter, we define 
funds’ quarterly equally (principal) weighted buy-sell performance the same as in Table 1. For each fund, in each 
quarter, we define the trading frequency as the average of daily ratios of the number of trades divided by the number 
of unique stocks traded. In each quarter, we calculate for each fund the average characteristics for all stocks it trades. 
These characteristics include stock size, book-to-market ratio, lag 12-month return, turnover, idiosyncratic volatility, 
and Amihud’s illiquidity. All of these variables are based on data available at the end of the previous quarter. Lag 12-
month return, turnover, idiosyncratic volatility, and Amihud’s illiquidity are calculated using 12 months of data ending 
at the previous quarter’s end. Lag 1- and 5-day return is the average of the mean of the past 1 day and past 5 days 
return for each stock traded by the fund (multiply by -1 for sell trades) in each quarter. We define fund herding for 
each fund, in each quarter, as the percentage of the trades that are in the same direction as the net imbalance of all 
funds in the ANcerno dataset on the same day. Each quarter, a linear regression model is estimated by regressing 
quarterly fund performance on funds' lag quarter trading frequency and logarithmic of trading volume. The control 
variables include lag quarter fund performance, the characteristics of stocks traded in current quarter (book-to-market 
ratio, logarithmic of size, lag 12-month return, turnover, idiosyncratic volatility, Amihud’s illiquidity, lagged 1- and 
5-day return, and herding). Time-series averages of coefficients and the associated t-statistics (in parentheses) are 
reported. The symbols *, **, and *** denote significance at the 10%, 5%, and 1% level, respectively. 
 
 Buy-Sell Performance 
 EW PW 
Intercept 0.057 *** 0.054 ** 
 (3.17)  (2.58)  
Lag trade frequency 0.005 *** 0.003 *** 
 (5.46)  (4.20)  
Lag trade volume -0.001 *** -0.001 *** 
 (-3.71)  (-3.69)  
Lag performance 0.023 * 0.044 *** 
 (1.69)  (3.10)  
Book-to-market ratio 0.001  0.002  
 (0.56)  (1.14)  
Size -0.002 ** -0.001 * 
 (-2.20)  (-1.92)  
Turnover -0.799  -0.643  
 (-0.40)  (-0.31)  
Idiosyncratic volatility -0.024  -0.029  
 (-0.56)  (-0.70)  
Lag 12-month return -0.003  -0.002  
 (-1.35)  (-0.84)  
Lag 1- and 5-day return -0.228 *** -0.234 ** 
 (-2.73)  (-2.50)  
Illiquidity ratio -0.008  -0.014  
 (-0.72)  (-1.15)  
Herd 0.001  0.003  
 (0.10)  (0.48) 
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Table 8. Stock Returns Predictability – Earnings Announcement Return 
This table presents a regression analysis relating abnormal returns on the event of earnings announcements (EA) to 
pre-event trading by funds in the ANcerno dataset. The dependent variable in the regressions is the stock cumulative 
abnormal (market return adjusted) return on the earnings announcement day (CAR[0,1]). For each fund, in each 
quarter, we define the trading frequency as the average of daily ratios of the number of trades divided by the number 
of unique stocks traded. We define the most active funds (HTF) as those ranked in the top quintile of the trading 
frequency in each trading volume group, while the least active funds (LTF) as those ranked in the bottom trading 
frequency quintile in each trading volume group. We define the normalized earnings surprise (ES) as actual earnings 
minus the earnings forecast and divided by the price on the prior quarter end. The earnings forecast are the mean 
analyst forecast one month before the earnings announcement. In the first column, we calculate the net trading of the 
most/least active funds 10 days prior to each EA the as the sum of shares they bought minus the sum of shares they 
sold divided by the total shares outstanding (in thousands).  We also calculate the net trading of the rest of the sample 
over the same horizon. Each quarter, we assign ranks 1 to 5 all EAs based on the net trading of the most/least active 
funds, or others (rank equals 1 means net selling and equals 5 means net buying).  Each quarter, we regress CAR[0,1] 
on the net trading ranks by the most active funds (T5rank), the least active funds (T1rank), and other funds (T2,4rank). 
The control variables include earnings surprise dummies and the cumulative abnormal return in prior 10 days (CAR[-
10,-1]). In the second column, we define a dummy variable T5buy (T5sell) that equals 1 if stock is exclusively bought 
(sold) on the net by the most active funds in the prior 10 days window to the earnings announcement, i.e., the least 
active funds and other funds either trade in zero or the opposite direction. T1buy (T1sell) are defined similarly. Each 
quarter, we regress CAR[0,1] on these dummy variables. The control variables include earnings surprise dummies and 
the cumulative abnormal return in prior 10 days (CAR[-10,-1]). The time-series averages of coefficients and the 
associated t-statistics (in parentheses) for both regressions are reported. The symbols *, **, and *** denote 
significance at the 10%, 5%, and 1% level, respectively. 
 
 (1) (2) 
Intercept 0.004 *** 0.004 *** 
 (3.58)  (4.16)  
ES1 -0.032 *** -0.037 *** 
 (-20.91)  (-18.89)  
ES2 -0.019 *** -0.022 *** 
 (-15.89)  (-15.56)  
ES4 0.015 *** 0.017 *** 
 (12.51)  (13.73)  
ES5 0.030 *** 0.034 *** 
 (16.65)  (15.82)  
CAR[-10,-1] -0.071 *** -0.074 *** 
 (-16.06)  (15.85)  
T5rank (*100) 0.048 ***   
 (3.27)    
T1rank (*100) -0.035    
 (-1.62)    
T2,4rank (*100) -0.024    
 (-1.41)    
T5buy (*100)   0.165 ** 
   (1.99) 
T5sell (*100)   -0.112  
   (-1.44) 
T1buy (*100)   -0.038  
   (-0.37) 
T1sell (*100)   0.101  
   (0.85) 
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Table 9. Robustness Analysis – Stitched Tickets and Excluding Index Mutual Funds 
This table presents average fund performance in quintiles sorted by contemporaneous trading frequency. The sample 
period is from January 1, 1999 to December 31, 2009. The sample includes only common stocks. For each fund, in 
each quarter, we define the trading frequency as the average of daily ratios of the number of trades divided by the 
number of unique stocks traded. The buy-sell performance is obtained for all trades placed by the fund. For each trade, 
we calculate the raw cumulative stock return from the execution price until the end of the quarter. We adjust the raw 
cumulative return by the DGTW benchmark return over the same period. For each fund in each quarter, we then 
compute the equal-weighted (EW) or principal-weighted (PW) DGTW-adjusted returns separately for buys and sells. 
We take the difference in DGTW adjusted returns between buys and sells. We divide all funds into 5 quintiles at the 
end of each quarter based on their current quarter trading frequency. We then report the gross performance for these 
quintiles. In Panel A, we utilize stitched order tickets. In Panel B, we exclude index mutual funds. All returns are 
expressed in percent. t-statistics are reported in parentheses. 
 
Trade Frequency EW  PW  
     
Panel A. Stitched Tickets    
1 (Low) -0.27 ** -0.21 * 
 (-2.13)  (-1.67)  
2 0.17 * 0.15 * 
 (1.90)  (1.69)  
3 0.52 *** 0.35 *** 
 (6.23)  (3.37)  
4 0.58 *** 0.30 *** 
 (6.74)  (2.99)  
5 (High) 0.52 *** 0.29 *** 
 (5.60)  (3.44)  
High-Low 0.79 *** 0.50 *** 
 (5.45) (3.72) 
  
Panel B. Excluding Index Funds    
1 (Low) -0.19 -0.16 
 (-1.29) (-1.02) 
2 0.15 0.15 
 (1.32) (1.49) 
3 0.21 ** 0.12 
 (2.29) (1.34) 
4 0.76 *** 0.43 *** 
 (7.25) (4.08) 
5 (High) 0.56 *** 0.32 *** 
 (6.78) (4.38) 
High-Low 0.75 *** 0.47 *** 
 (4.35) (2.85) 
 
